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ABSTRACT The macula is an oval-shaped area near the center of the human retina, and at its center, there
is a small pit known as the fovea. The fovea contains large concentrations of cone cells and is responsible
for sharp, colored vision. Macular disorders are the group of diseases that damage the macula, resulting in
blurred vision or even blindness. Macular edema (ME), one of the most common types of macular disorder,
is caused by fluid accumulation beneath the macula. In this paper, we present an automated system for
the detection of ME from fundus images. We introduce a new automated system for the detailed grading
of the severity of disease using knowledge of exudates and maculae. A new set of features is used along
with a minimum distance classifier for accurate localization of the fovea, which is important for the grading
of ME. The proposed system uses different hybrid features and support vector machines for segmentation
of exudates. The detailed grading of ME—as both clinically significant ME and non-clinically significant
ME—is done using localized foveae and segmented exudates. The proposed algorithm is validated using
public and local data sets. We have achieved an average accuracy of 96.1% in the detection and grading
of ME with our proposed method.

INDEX TERMS Biomedical image processing, image analysis, fundus, exudates, macula.

I. INTRODUCTION
Macular edema is the swelling of either the macula or the
Müller cells of the retina. The macula is the most sensitive
part of the eye and responsible for sharp vision. In macular
edema, the patient experiences edema in the macula due to
fluid accumulation underneath the macula. This causes the
macula to swell and thicken. The macula has very densely-
packed cones that are responsible for the minute details in
vision. When the macula is swollen, these cones cannot func-
tion properly, thus preventing the patient from seeing prop-
erly and performing such tasks as driving, reading, or using
computers [1].

The causes of macular edema may vary and can be over-
lapping and interrelated in some cases. Some of the causes
include diabetes, aging, cataract surgery, chronic uveitis,
blockage of a vein, drug side effects, congenital diseases,
etc. [1].

The main symptom of macular edema is blurred vision.
When a patient experiences ME, the central part of the vision
becomes blurry while the peripheral vision is unaffected.

This can lead to obvious problems for the patient since the
center part of the vision is needed for almost all essential tasks
like reading, driving, or using computers [2].

Macular edema can be classified as either cystoid macular
edema or diabetic macular edema [2]. In cystoid macular
edema, the blood-retinal barrier in the eye is affected due
to any number of reasons, and this leads to the thickening
of the retina. As a result, the perifoveal veins in the retina
start leaking and fluid begins to accumulate. The accumula-
tion starts in the intracellular spaces of the retina and dis-
rupts the arrangement of the photoreceptors located there.
This process is irreversible and is considered to be one of
the leading causes of blindness. Diabetic macular edema is
caused by the leakage of fluids through the capillaries in
the macula [2]. These leaking fluids appear as yellow spots
in fundus images known as exudates [2]. It is claimed that
there has been an 89% increase in people over 40 years of
age suffering from diabetic retinopathy (DR) [1]. This makes
DR the foremost cause of blindness in America, affecting
approximately 25.8 million people [1]. Clinically Significant
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FIGURE 1. Fundus Image showing different stages of macular edema.

Macular Edema (CSME) is one of the main reasons for blind-
ness among patients suffering from diabetes. This accounts
for almost 75% of vision loss cases reported [2].ME is graded
as CSME or non CSME based on the existence of exudates
in fundus. If exudates appear near or on the macular region,
then the condition is graded as CSME; otherwise, it is graded
as non CSME [2]. Figure 1 shows fundus images of normal,
non CSME, and CSME cases.

This paper consists of 5 sections. Section 2 presents related
work in the area of ME. The detailed proposed methodology
is explained in Section 3, followed by the results in Section 4.
Section 5 describes our conclusions and discussion.

II. LITERATURE REVIEW
A number of researchers have worked on automated anal-
ysis of fundus images for the detection of macular edema.
Agurto et al. [3] used two different databases of 652 and
400 images for detection of exudates and reported their
results in terms of AUC. The team claimed to achieve a
reading of 0.96 when the combination of both databases was
tested against their approach, and a reading of 0.97 when the
databases were tested independently. Johny and Thomas [4]
checked 30 images for signs of macular edema and deter-
mined the severity level of the disease where detected.
Of the 30 images checked, their algorithm detected 9 subjects
as normal, 8 as moderate, and 13 as severe.

Rekhi et al. [5] worked on an algorithm for automatic
classification of hard exudates using colored fundus images.
They first used adaptive thresholding and then support
vector machines (SVM) for classification. They claim to
have achieved high accuracy and specificity, with no false
positives. The algorithm was tested on 189 images from
DIARETDB1 and MESSIDOR. On DIARETDB1, the algo-
rithm achieved an accuracy of 92.13%, and on MESSIDOR,
the algorithm achieved an accuracy of 90%.

Rekhi et al. [6] created a second algorithm for auto-
mated detection and grading of diabetic macular edema from
digital color fundus images. The algorithm was tested on
89 images of DIARETDB1 and 100 images of MESSIDOR.
In DIARETDB1, the algorithm achieved accuracies

of 95.45%, 92.11%, and 87.50% for normal, severe DME,
and moderate DME, respectively. On MESSIDOR, accura-
cies of 92.72%, 90%, and 88.89% were reported for nor-
mal, severe DME, and moderate DME, respectively. The
researchers claim that the algorithm can be used to determine
the severity of the disease.

Acharya et al. [7] developed an automated grading algo-
rithm for diabetic macular edema using discrete wavelet
transform, discrete cosine transform, and maculopathy index.
They claim that the reason for diabetic macular edema is
chronic diabetes. Acharaya et al. claimed to achieve an
accuracy of 97.01% using publicly available MESSIDOR
datasets.

Sengar et al. [8] tested 100 fundus images for detection of
macular edema using a region-based approach. The images
used were from the MESSIDOR database. They achieved
an accuracy rate of 80%–90% for different cases. In their
paper, they associate the severity of macular edema with the
presence of hard exudates in the macular section.

Kunwar et al. [9] researched the detection of high-risk
macular edema. They did this with the help of texture fea-
tures and an SVM classifier. They claim to have achieved an
accuracy of greater than 86%. Sensitivity achieved was 91%,
and specificity was 75%.

Kumar and Ravichandran [10] performed a severity test in
the detection of macular edema using colored fundus images.
They conducted their research using an extreme learning
machine classifier and common features like texture, color,
and intensity. The algorithm had 99.0% sensitivity and speci-
ficity ranging between 85.0% and 98.0%.

Many applications use automated means for collecting
healthcare data [11]—for example, using automated body
sensor networks for tasks such as heart rate monitoring [12],
life cycle management [13], and others [14].

The methods presented in literature mostly focus on
binary-level detection, meaning they detect whether a fundus
image is ME or not based on the existence of exudates. Very
rarely is work is done on detailed grading of ME, and it
generally utilizes small local datasets. There is no publicly
available fundus image dataset that provides annotations for
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FIGURE 2. Flow Diagram of the system. Here Ex stands for Exudates and
DD stands for one-disc diameter.

detailed grading. In this paper, we propose a new fundus
image analysis method which provides detailed automated
grading of ME. This paper contributes to the existing liter-
ature by yielding a precise quadrant-wise severity of ME.
Evaluation of our method was done using public and local
datasets, and extra annotations were gatheredwith help of two
ophthalmologists.

III. PROPOSED METHODOLOGY
The proposed system presents an automated method
for the detection and grading of macular edema (ME).
Figure 2 shows a flow diagram of the proposed system
with all included subblocks. The main modules are macula
detection, segmentation of exudates, and grading of ME.
The proposed system further subgrades the severity levels of
CSME and provides a detailed quadrant-wise analysis.

A. PREPROCESSING
The first stage of proposed algorithm is preprocessing in
which multiple steps are carried out to improve the quality of
input image. Preprocessing stage first separates foreground
(fundus region) from background so that all upcoming steps
only consider fundus region. This is carried out using adap-
tive thresholding followed by morphological operations [15].
Second step in preprocessing stage is to improve contrast
between different components i.e. blood vessels, macula,
optic disc etc. and fundus background. We are using his-
togram equalization, for contrast enhancement. In order to
cater noise issues, clip limited adaptive histogram equaliza-
tion is used.

B. MACULA DETECTION
In this paper, a new supervised training-based method for
macula detection is presented. Figure 3 shows the system
level diagram of proposed macula detection algorithm. The
algorithm takes original fundus images and their correspond-
ing, manually extracted, macular region for generation of a
supervised training feature vector. In testing phase, same fea-
tures for all possible candidate macular regions are extracted
and then they are passed to minimum distance classifier. The
classifier selects the regionwith closest distance from training
feature vector.

1) GENERATION OF FEATURE SET FOR TRAINING
The main step of training the system is generation of the
feature set. In this step, we crop the macular region manually
for all training images. The next step is to represent macula
regions with the best features. These features are selected so
as to represent actual behavior of maculae in fundus images
(location, appearance, etc.). The following four features are
extracted:
• Area of Macula (f1): It represents total number of pixels
a macular region contains.

• Distance from theOptic Disc (f2): This feature computes
the distance between optic disc center andmacula region
center

• Mean Intensity (f3): Macula region is normally blackish
in color and in order to differentiate macula region from
other dark regions in fundus image like hemorrhages and
blood vessel, mean intensity is taken as feature.

• Angle between theMacula and the Optic Disc (f4): Forth
feature is angle between optic disc and macula.

All of these features are used to classify the regions in
the testing stage. These features are all normalized, and the
average of the features is used to determine the normalized
mean feature for the macula, which is used later with the
minimum distance classifier for testing.

2) AUTOMATIC MACULA DETECTION FOR TEST IMAGE
Following generation of the training feature vector, the sec-
ond phase of the proposed system is analyzing fundus images
for automated detection of macula. This phase extracts all
possible macular candidate regions in addition to the fea-
tures mentioned above to detect actual macula location. This
stage first applies adaptive thresholding technique to extract
all possible candidate regions which may contain macula
(Fig. 4 (b)). The macula region has a similar intensity to
that of blood vessels and some lesions such as hemorrhages.
This can make macula detection a bit tricky. In the proposed
system, we remove vessel pixels from all candidate macula
regions to eliminate false candidate regions. Blood vessels are
extracted using Gabor wavelets and multilayer thresholding
techniques as proposed in [16] (Fig. 4(c)). These extracted
blood vessels are removed from candidate regions to elim-
inate false positives which occur due to similarity between
vessels and macula regions (Fig. 4(d)). These regions are then
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FIGURE 3. System level diagram for proposed macula detection algorithm.

classified as separate regions using connected component
labeling (Fig. 4(e)).

Next, each of these regions is considered for classification,
and features are extracted for each region. In order to find
the distance from the optic disc to both the region (F2) and
angle (F4), we need to locate the optic disc (prior knowledge
of the optic disc is critical here). For optic disc localization,
first all bright regions from the fundus image are extracted
using adaptive thresholding. As this may also include exu-
dates or other bright lesions as false regions, blood vessel
density in each candidate region is calculated, and the region
with maximum blood vessel density is then correctly selected
as the optic disc region [17].

3) FEATURE EXTRACTION OF MACULAR REGION
The extraction stage mentioned above calculates area of
macula, distance from the optic disc, mean intensity, and
angle from the optic disc. All of these features are extracted
for each candidate region. Table 1 shows 8 sample regions
taken from a single fundus image whose features have
been extracted. The first entry in the table is for the true
macula region, and it is evident that the extracted fea-
tures clearly discriminate between true and false macula
regions.

TABLE 1. Features extracted from a Fundus Image.

4) MINIMUM DISTANCE CLASSIFIER
Minimum distance classifier is used in the selection of
the macula from all the candidate regions. Mean value
from the training set feature vector is calculated and then
saved for reference and comparison with other candidate
regions. The distance between each candidate region’s fea-
ture vector and training feature vector is calculated. The
region with the minimum distance is selected as the mac-
ula. Figure 4 shows the step-by-step output for a macula
detection module taken from a randomly selected fundus
image.
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FIGURE 4. Macula detection. (a) input image, (b) adaptive thresholding result for dark regions, (c) blood vessel detection, (d) candidate regions
after removal of blood vessels, (e) Labelled candidate regions, (f) Detected macula.

5) EXUDATE DETECTION
In order to automatically grade a macular disease, the most
challenging part is accurate identification of lesions in the
fundus image. In our case, we are looking for exudates that
show up as bright yellow spots on the image. The intensity
of regions containing exudates is found to be higher than the
neighboring regions. Our approach first finds all the candi-
date regions that are likely to be exudates. Later, with the
help of features and support vector machines, true exudate
detection is possible.

6) SEGMENTATION FOR EXUDATE REGION
In this stage of the algorithm, we try to rule out all the
candidate exudates or the regions where the exudates are
detected. Our algorithm is explained in the following steps:

1. Input preprocessed image
2. Apply morphological closing [using Equation 1] to

suppress the dark lesions and blood vessels
3. Apply adaptive contrast enhancement technique [using

Equation 2 and Equation 3] to improve contrast of
bright lesions

4. Apply Gabor filter [using Equation 4] to further
enhance contrast of all the bright lesions

5. ApplyOSTU’s algorithm to convert the image to binary
6. Remove the optic disc and blood vessels (if present and

already not removed)
7. Classify the resulting areas as candidate regions for

presence of exudates

∅(SB)f = min[maxf (x+ b) ] (1)

Here SB is taken as the structuring element.

g = 255

[
8ω

(
∅f
)
−8ω

(
∅fmin

)][
8ω

(
∅fmax

)
−8ω

(
∅fmin

)] (2)

Here ∅f is calculated by the above equation (Equation 1)
while 8ω is calculated by the following equation
(Equation 3). ∅fmin and ∅fmax are minimum and maximum
intensities. Also, in the following equation, the mean and
variance of these intensities are given by mω and σw.
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Here ‘r’ is the aspect ratio while ‘σ ’ represents standard devi-
ation. Spatial frequency is represented by ‘�’. The orientation
of the filter is represented by θ , then the values of d1 can be
calculated by Equation 5.

d1 = xcosθ + ysinθ (5)

and the values of d2 can be calculated by Equation 6.

d2 = −xcosθ + ysinθ (6)

By varying parameters, a number of filters are generated.
All filters are convolved with image to generate an enhanced
version. The convolution is represented by the following
equation (Equation 7).

FBR (s, t) =
∑
x

∑
y

Ic (x, y)FBG (s− x, t − y) (7)
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FIGURE 5. (a) Contrast enhanced image (b) Results after applying Gabor filtering (c) Application of OTSU’s algorithm (d) Result after
removal of OD.

Towards the end of this phase, the image is transformed
into a binary image with the help of adaptive thresholding.
In addition, the optic disc is detected and removed. The results
of this stage are given in Figure 5.

7) FEATURE EXTRACTION FOR EXUDATE REGION
Once the candidate regions are identified, we can then extract
the features. The features are calculated for both exudate
regions and non-exudate regions. We calculate the following
features:
• Feature 1: Green channel, maximum intensity.
• Feature 2: Green channel, minimum intensity.
• Feature 3: Red channel, mean intensity.
• Feature 4: Red channel, maximum intensity.
• Feature 5: Red Channel, minimum intensity.

These features are combined to form a feature vector, which
is calculated for each region. Then we proceed to the classi-
fication stage, where we determine whether the region is an
exudate region or a non-exudate region.

8) CLASSIFICATION
Support vector machines (SVMs) are learning algorithms
that are supervised and linked with other learning algo-
rithms. These are generally used for regression analysis and
classification.

In SVM, the idea is to find a hyperplane in such a way
that the difference between the two classes is the maximum
difference possible. Mathematically, the following equation
(Equation 8) separates the two classes:

yi (W · X + b) ≥ 0 (8)

where W is the weight vector having all the weights and b is
a scalar value.

There can be many hyperplanes possible, but what we
are interested in is the hyperplane with the greatest distance
between the planes. This is known as the margin and can be
calculated by Equation 9

m =
2

|w|
(9)

where m is the margin. So, we are looking for the
hyperplane with the greatest margin. The kernel that we
have used to train our dataset is the quadratic kernel.
The results of the application of SVM classifier is given
in Figure 6.

C. GRADING OF MACULAR EDEMA
This is the final stage in the grading of the disease. In this
phase, we determine the severity of the disease if present.
The grading criteria depend upon the distance between the
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FIGURE 6. Final results of Exudate Detection.

TABLE 2. Benchmark for grading of Macular Edema.

exudate and macula. The clinical standard used for the grad-
ing of ME is elaborated in Table 2. If there are no exu-
dates detected, then the fundus image is considered healthy.
Otherwise, if exudates are detected, then depending upon
the distance of exudates from the macula, we classify them
as Non CSME, Mild CSME, Moderate CSME, or Severe
CSME. This is a major contribution of our research, as we
are now able to automatically grade the presence of ME in a
fundus image. This can assist an ophthalmologist in analysis
of the disease.

Where 1x represents the distance between the exu-
dates and the location of the macula and DD is the
diameter of the optic disc. The distance computed is the
Euclidian distance. It is calculated by equation 10 given
below:

|d| =
√
1x2 +1y2 (10)

where

1x = x2 − x1
1y = y2 − y1

While grading ME, we further divide the region accord-
ing to the Inferior Superior Nasal Temporal (ISNT) rule.
The ISNT rule is used clinically to identify affected
regions. Each region is highlighted with different colors
corresponding to the ratio of the affected area to the over-
all area. Figure 7 shows quadrant-wise severity of effec-
tiveness as well as the ranges for different colors and
grades.

FIGURE 7. Quadarant wise ME grading with color scheme.

TABLE 3. database Description.

TABLE 4. Mean Feature vector for macula with standard deviations for
different databases.

IV. RESULTS
Evaluation of the proposed system is carried out using mul-
tiple public and local datasets. These datasets do not con-
tain annotations for grading; therefore, in order to perform
detailed grading for evaluation, each dataset is further anno-
tated with the help of two ophthalmologists. The ophthalmol-
ogists classify each image as either CSME or non CSME
and then further grade the CSME cases as mild, moder-
ate, or severe. The online datasets used are DRIVE [18],
DIARETDBI [19], and MESSIDOR [20]. Table 3 shows
a detailed description of all datasets. It clearly highlights
the number of both normal and macular edema cases as
well as their further division into CSME and non CSME.
DRIVE dataset mostly have normal subjects where as
DIARETDB1 and AFIO datasets have large number of
ME subjects.
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TABLE 5. Results of Macula detection.

TABLE 6. Comparison of ME detection methods with existing methods.

TABLE 7. ME Grading Results.

FIGURE 8. Fundus images classified as normal, non CSME, mild,
moderate or severe.

While evaluating proposed system, first evaluation is one
for macula detection. For macula detection, mean feature
vectors are generated for training images from each dataset.
Table 4 shows thesemean feature vectors. Thesemean feature
vectors are used in minimum distance classifier to classify
each candidate region from test image as macular or non
macular regions.

FIGURE 9. GUI of Al BASR System.

FIGURE 10. Report generated by Al-BASR.

Table 5 shows macula detection module results for dif-
ferent datasets. DRIVE mostly have normal subjects and
images are of good quality so proposed system showed 100%
results on that. However, in case of other datasets with more
ME cases, the accuracy is still above 93%.

In exudate detection and diagnosis of ME, 10-fold cross
validation technique is used as it is the most used cross valida-
tion scheme for this application. We have compared the pro-
posed technique with existing methods as shown in Table 6.
It is clear from table that proposed system outperforms exist-
ing methods even for a large dataset.

ME grading results are presented in Table 7. The table
presents data from the aforementioned databases (DRIVE,
DIARETDB, MESSIDOR and AFIO). Figure 8 shows some
random cases where we have shown how different fundus
images are classified as Normal, non CSME, mild CSME,
moderate CSME, or severe CSME. The first row shows cases
where input images are classified as normal. From the second
row down and from left to right, the severity level increases
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and different examples for non CSME,mild CSME,moderate
CSME, and severe CSME are shown. This grading method
can be used for real-time assessment of different cases and to
help ophthalmologist in screening of patients.

V. CONCLUSION
We have presented an automated method for the detection
and grading of macular edema. Our approach detects both the
location of exudates and the location of themacula. Following
this, depending on the distance between the macula and the
exudates, the severity of the disease is classified. The grading
is done as explained in Table 2. Therefore, by examining
the distance of exudates from the macula, we are able to
mark the images as normal, mild, moderate, or severe. Our
approach yielded excellent results and was tested on four
separate datasets, three of which are publicly available. This
proposed approach is embedded in a real-time hospital man-
agement system named AL-BASR, which is being used in a
local hospital to generate automated reports for each patient
undergoing fundus scans (www.albasr.com). Figure 9 shows
a screen shot of the AL-BASR system. AL-BASR has the
capability to perform automatic diagnoses on fundus images
for retinal diseases.

AL-BASR analyzes fundus images and generates a report
based on its findings using image processing and machine
learning-based algorithms. The research carried out in this
thesis is used in Al-BASR for detection and grading of
macular edema. Figure 10 shows a report generated through
Al-BASR, and all findings are highlighted in the report.
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